Abstract
Computer trading in financial markets is a rapidly developing field with a growing number of applications. Automated analysis of news and computation of market sentiment is a related applied research topic which impinges on the methods and models deployed in the former. In this review we have first explored the asset classes which are best suited for computer trading.
We present in a summary form the essential aspects of market microstructure and the process of price formation as this takes place in trading. We critically analyse the role of different classes of traders and categorise alternative types of automated trading. We introduce alternative measures of liquidity which have been developed in the context of bid-ask of price quotation and explore its connection to market microstructure and trading. We review the technology and the prevalent methods for news sentiment analysis whereby qualitative textual news data is turned into market sentiment. The impact of news on liquidity and automated trading is critically examined. Finally we explore the interaction between manual and automated trading.
Introduction
This report is prepared as a driver review study for the Foresight project: The Future of Computer Trading in Financial Markets. Clearly the focus is on (i) automated trading and (ii) financial markets. Our review, the title as above, brings the following further aspects into perspective: (iii) automated analysis of news to compute market sentiment, (iv) how market sentiment impacts liquidity and trading.
The neoclassical finance theory had embraced the efficient market hypothesis (EMH) which became its central plank. The doubts about EMH and recent surge of interest in behavioral finance (Kahneman and Tversky, 1979 , Kahneman, 2002 , Shefrin, 2008 ) not only debated and exposed the limits of EMH but also reinforced the important role of sentiment and investor psychology in market behavior. The central tenet of EMH was that information arrival, that is, news is rapidly discounted by rational stakeholders; yet the work of Shiller (2000) and Hais (2010) reinforce the irrational contrarian and herd behavior of the investors. Today the availability of sophisticated computer systems facilitating high frequency trading (Goodhart and O'Hara, 1997) as well as access to automated analysis of news feeds (Tetlock, 2007, Mitra and set the backdrop for computer automated trading which is enhanced by news.
The findings of this driver review may be summarized in the following way. Computer mediated automated trading continue to grow in many venues where equities, futures, options and foreign exchange are traded. The research and adoption of automated analysis of newsfeed for trading, fund management and risk control systems are in their early stages but gaining in momentum. The challenge for the trading and the investment community is to bring the hardware technologies, software techniques and modeling methodologies together. The challenge for the regulatory authorities is to understand the combined impact of these technologies and postulate regulations which can control volatility, improve the provision for liquidity and generally stabilize the market behavior.
The Market Participants
Over the last forty years there have been considerable developments in the theory which explains the structure, mechanisms and the operation of financial markets. A leader in this field
Maureen O'Hara in her book (O'Hara, 1995) summarises in the following way: the classical economic theory of price formation through supply and demand equilibrium is too simplistic and does not quite apply to the evolving financial markets. Thus leading practitioners and specialists in finance theory, Garman (1976) and Madhavan (2000) amongst others, started to develop theoretical structures with which they could explain the market behaviour. Indeed the field of market microstructure came to be established in order to connect the market participants and the mechanisms by which trading takes place in this dynamic and often volatile and tempestuous financial market. Again quoting O'Hara : 'Any trading mechanism can be viewed as a type of trading game in which players meet (perhaps not physically) at some venue and act according to some rules. The players may involve a wide range of market participants, although not all types of players are found in every mechanism. First, of course, are customers who submit orders to buy or sell. These orders may be contingent on various outcomes or they may be direct orders to transact immediately. The exact nature of these orders may depend upon the rules of the game. Second, there are brokers who transmit orders for customers.
Brokers do not trade for their own account, but act merely as conduits of customer orders.
These customers may be retail traders or they may be other market participants such as dealers who simply wish to disguise their trading intentions. Third there are dealers who do trade for their own account. In some markets dealers also facilitate customer orders and so are often known as broker/dealers. Fourth, there are specialists, or market makers. The market maker quotes price to buy or sell the asset. Since the market maker generally takes a position in the security (if only for a short time waiting for an offsetting order to arrive), the market maker also has a dealer function'. We quote this text as it provides a very succinct definition of the relevant market participants and the trading mechanisms. From a commercial perspective there are other tertiary market participants such as market data feed providers and now news data feed providers whose influence can no longer be ignored and indeed they play important roles in automated trading. We observe that the theory is well developed to describe trading by 6 human agents. We are now in a situation whereby trading takes place both as orders placed by human agents and by computer automated (trade) orders placed side by side at the same trading venues. Here we make a distinction between computer mediated communication of orders through Electronic Communications Network (ECN) and its execution and settlement, and orders generated by computer algorithms and its subsequent processing in the above sequence. 
Structure of the Review
Automated trading has progressed and has gained increasing market share in those asset classes for which the markets are highly liquid and trading volumes are large. In section 2 of this report we consider briefly these asset classes; our review is, however, focused on equities as the automated news sentiment analysis is mostly developed for this asset class. A vast amount of literature has emerged on the topic of market microstructure and liquidity; the finance community, especially those concerned with trading are, very much involved in the development and understanding of the market mechanism which connect trading and liquidity.
In section 3 we provide a summary of the relevant concepts of market microstructure and liquidity and these serve as a back drop for the rest of the report. In section 4 we first consider the different trader types, namely, informed, uninformed and value traders; we also analyse automated trading and break it down to five major categories. In section 5 we provide an introduction and overview of news analytics in a summary form. News analytics is an emerging discipline. It has grown by borrowing research results from other disciplines, in particular, natural language processing, text mining, pattern classification, and econometric modeling. Its main focus is to automate the process of understanding news presented qualitatively in the form of textual narratives appearing in newswires, social media and financial blogs and turning these into quantified market sentiments. The market sentiment needs to be measured and managed by an automated process which combines data feeds and news feeds. In turn this process automates trading and risk control decisions. In section 6 we make the connection between earlier sections in respect of the informed traders and news analytics. In this context news is considered to be an information event which influences price formation, volatility of stock price as well as the liquidity of the market and that of a given stock. In short it impacts the market microstructure. There are now a growing number of research papers (see Mitra and confidentiality only reveal limited information about the use of these data sets. In section 7 we consider the modeling and the information architecture by which automated analysis of news is connected to automated trading. In the final section of this review, that is, section 8 we give a summary discussion of the various findings and present our conclusions.
Consideration of asset classes for automated trading
In this section we consider the criterion which makes an asset class suitable for automated trading. These criteria are mainly associated with the market conditions of asset classes.
Typically such market conditions include (i) sufficient market volatility and (ii) a high level of liquidity. This is so that firstly, changes in price are able to exceed transaction costs thereby making it possible to earn profits, and secondly, in order to make it feasible to move quickly in and out of positions in the market, which is a crucial criterion underpinning the strategies of high frequency trading. On top of this, the market needs to be electronically executable in order to facilitate the quick turnover of capital and to harness the speed of automated trading.
Currently, only spot foreign exchange, equities, options and futures markets fulfill such conditions of automated execution.
Set against these considerations, we examine the suitability of computer trading of the following asset classes: (i) Equity markets, (ii) Foreign exchange markets, (iii) Commodity markets, (iv) Fixed income markets.
To start with, we study the relationship between trading frequency and liquidity for the above mentioned asset classes (see Fig 2.1) ; the daily trading volume has been used as a proxy for liquidity. We observe that asset classes which are traded at an optimal frequency of less than a day tend to be accompanied with higher levels of liquidity in that market. We use a simple working definition of liquidity: "the ability to convert assets into cash at the lowest possible transaction costs". Readily available liquidity becomes an attractive criterion for investors as they are able to trade without worrying about transaction costs eating away at their profits. We also note that the highly liquid asset classes are also those that are executed electronically and are traded on a more regular basis. These asset classes are therefore natural candidates for high frequency trading. We observe that a sweeping but steady transition has occurred with the conversion of over-the-counter markets into electronic markets to keep up with the trading strategies of investors. We assess each asset class individually, and analyze the properties which make them suitable for computer trading.
Equity markets
This is the most favoured asset class for automated trading because of the large size and volume of the market; this is supported by the market's breadth of listed stocks. It is also popular for its diversification properties in portfolio investment with its possible positions to long and short stocks. In addition to stocks which are traded in the equity markets, the market also includes exchange-traded funds (ETFs), warrants, certificates and structured products. In 
Foreign exchange markets
The foreign exchange markets operate under a decentralised and unregulated mechanism whereby commercial banks, investment banks, hedge funds, proprietary trading funds, nonbank companies and non-U.S. investment banks all have access to the inter-dealer liquidity pools. However, due to this decentralisation, the foreign exchange markets lack volume measures and the rule of "one price". This has beneficial implications for automated traders as there are substantial arbitrage opportunities that can be identified by their automated strategies. However, there are only a limited number of contracts that may be found on the exchange, restricting the variety of financial instruments available for traders in the foreign exchange market, namely foreign exchange futures and selective options contracts. Over the years, there has been a swift transition from major trading in the spot foreign exchange markets to swaps.
Under the measure of liquidity as the average daily volume of each security, the foreign exchange market ranks as the most liquid market, followed by US Treasury securities. This volume figure is collected and published by the Bank for International Settlements, who conduct surveys of financial institutions every three years. There is no direct figure for traded volume to monitor developments in the foreign exchange market because of the decentralized structure for these markets.
Commodity markets
The financial products in the commodity markets that are liquid and electronically traded are commodity futures and options, to allow viable and profitable trading strategies in automated trading. Futures contracts in commodities tend to be smaller than the futures contracts in foreign exchange.
Fixed income markets
The fixed income markets include the interest rate market and the bond market, with securities traded in the form of either a spot, a future or a swap contract. The interest rate market trades short and long term deposits, and the bond market trades publicly issued debt obligations. The fixed income feature of these markets comes from the pre-specified or fixed income that is paid to their holders, which in turn is what automated traders focus their strategies on to take advantage of short-term price deviations and make a profit.
In the interest rate futures market, liquidity is measured by the bid-ask spread. A bid-ask spread on interest rate futures is on average one-tenth of the bid-ask spread on the underlying spot interest rate. The most liquid futures contract in the interest rate market is short-term interest rate futures. Swap products are the most populous interest rate category, yet most still trade over the counter. One of the most critical questions in market microstructure concerns the process by which new information is assimilated and price formation takes place. In a dealer-driven market, market makers, who stand willing to buy or sell securities on demand, provide liquidity to the market by quoting bid and ask prices. In a quote-driven market, limit orders provide liquidity. While the primary function of the market maker remains that of a supplier of immediacy, the market maker also takes an active role in price-setting, primarily with the objective of achieving a rapid inventory turnover and not accumulating significant positions on one side of the market. The implication of this model is that price may depart from expectations of value if the dealer is long or short relative to the desired (target) inventory, giving rise to transitory price movements during the day and possibly over longer periods (Madhavan, 2000) . Market microstructure is concerned with how various frictions and departures from symmetric information affect the trading process (Madhavan, 2000) . The knowledge of market systems and structure is essential for a trader to decide in which market to trade and when to trade. Such knowledge would also facilitate a trader to assess the relative efficiency of the market and hence the arbitrage opportunities. In fact, the trading behavior, and trading costs are affected by market microstructure. We turn next to market liquidity.
Market liquidity
Liquidity is an important stylized fact of financial markets. Echoing the description put forward tightness/width (bid-ask spread), depth (ability of the market to process large volumes of trade without affecting current market price), and resilience (how long the market will take to return to its "normal" level after absorbing a large order). A commonly used measure of market depth is called Kyle's Lambda (Kyle, 1985) :
where r t is the asset return and NOF t is the net order flow over time. The parameter λ can be obtained by regressing asset return on net order flow.
Another measure of market depth is Hui-Heubel (HH) liquidity ratio (Hui and Heubel, 1984) .
This model was used to study asset liquidity on several major U.S equity markets, and relates trading volume to the change of asset price. Given the market activities observed over N unit time windows, the maximum price P Max , minimum price P Min , average unit closing price P, total dollar trading volume V, and total number of outstanding quotes Q, the Hui-Heubel L HH liquidity ratio is given as follows:
A higher HH ratio indicates higher price to volume sensitivity.
Resilience refers to the speed at which the price fluctuations resulting from trades are dissipated. Market-efficient coefficient (MEC) (Hasbrouck and Schwartz, 1988) uses the second moment of price movement to explain the effect of information impact on the market. If an asset is resilient, the asset price should have a more continuous movement and thus low volatility caused by trading. Market-efficient coefficient compares the short term volatility with its long term counterpart. Formally:
where T is the number of short periods in each long period. A resilient asset should have a MEC ratio close to 1.
Literature also has precedence for another aspect of liquidity: immediacy -the speed at which trades can be arranged at a given cost. Illiquidity can be measured by the cost of immediate execution (Amihud and Mendelson, 1986 ). Thus, a natural measure of illiquidity is the spread between the bid and the ask prices. Later, Amihud (2002) modified the definition of illiquidity.
The now-famous illiquidity measure is the daily ratio of absolute stock return to its dollar volume averaged over some period:
where R iyd is the return on stock i on day d of year y and VOLD iyd is the respective daily volume in dollars. D iy is the number of days for which data are available for stock i in year y. The inventory traders are instrumental in providing liquidity; they make margins by simply keeping an inventory of stocks for the purpose of market making and realizing very small gains using limit orders through moving in and out of positions many times intra-day. Since the overall effect is to make the trading in the stock easier (less friction) they are also known as liquidity providers. These traders do not make use of any exogenous information about the stock other than its trading price and order volume. The informed traders in contrast assimilate all available information about a given stock and thereby reach some certainty about the market price of the stock. Such information may be acquired by subscription to (or purchased from) news sources; typically FT, Bloomberg, Dow Jones, or Reuters. They might have access to superior predictive analysis which enhances their information base. Value traders also apply predictive analytic models and use information to identify inefficiencies and mispricing of stocks in the market; this in turn provides them with buying or short selling opportunities. We note that the last two categories of traders make use of the value of information; such information is often extracted from anticipated announcements about the stock and is used in their predictive pricing models.
Automated trading
Automated trading in financial markets falls roughly into five categories: participants who wish to sell stock X at today's exchange closing price, the crossing network matches the buyers and sellers so as to maximize the amount of the security transacted. The advantage of crossing is that since both sides of the transaction have agreed in advance on an acceptable price which is either specified or formulaic in nature, the impact of the transactions on market prices is minimized. Crossing networks are used across various asset classes including less liquid instruments such as corporate bonds.
It should be noted that our four remaining categories of automated trading are often collectively referred to as "high frequency" trading. The second category of automated trading is "algorithmic execution". If a market participant wishes to exchange 1000 GBP for Euros, or buy 100 shares of a popular stock, modern financial markets are liquid enough that such an order can be executed instantaneously. On the other hand, if a market participant wishes to execute a very large order such as five million shares of particular equity Y there is almost zero probability that there exists a counterparty coincidentally wishing to sell five million shares of Y at the exact same moment, or even within a very short time window. One way of executing such a large order would be a principle bid trade with an investment bank, but such liquidity provision often comes at a high price. The alternative is an "algorithmic execution" where a large "parent" order is broken into many small "child" orders to be executed separately over several hours or even several days. In the case of our hypothetical five million share order, we might choose to purchase the shares over three trading days, breaking the large order into a large number of small orders (i.e. 200 shares on average) that would be executed throughout the three day period. Numerous analytical algorithms exist that can adjust the sizes of, and time between child orders to reflect changes in the asset price, general market conditions, or the underlying investment strategy. Note that like crossing, automated execution is merely a process to implement a known transaction whose nature and timing has been decided by a completely external process. However, this class of 'algorithmic execution' will benefit from the inclusion of news analytics and predictive analysis of liquidity.
Our third category of automated trading is "statistical arbitrage". Unlike our first two categories, statistical arbitrage trading is based on automation of the investment decision process. A simple example of statistical arbitrage is "pairs trading". Let us assume we identify the relationship that "Shares of stock X trade at twice the price of shares of stock Z, plus or minus ten percent". If the price relation between X and Z goes outside the ten percent band, we would automatically buy one security and short sell the other accordingly. If we expand the set of assets that are eligible for trading to dozens or hundreds, and simultaneously increase the complexity of the decision rules, and update our metrics of market conditions on a real time basis, we have a statistical arbitrage strategy of the modern day. The most obvious next step in improving our hypothetical pairs trade would be insert a step in the process that automatically checks for news reports that would indicate that the change in the monitored price relationship had occurred as a result of a clear fundamental cause, as opposed to random price movements such that we would expect the price relationship to revert to historic norms. Pairs trading may also benefit by taking into consideration market sentiment as determined by news.
The fourth form of automated trading is electronic liquidity provision. This form of automated trading is really a direct descendent of traditional over-the-counter market making, where a financial entity has no particular views on which securities are overpriced or underpriced. The electronic liquidity provider is automatically willing to buy or sell any security within its eligible universe at some spread away from the current market price upon counterparty request.
Electronic liquidity providers differ from traditional market makers in that they often do not openly identify the set of assets in which they will trade. In addition, they will often place limit orders away from the market price for many thousands of securities simultaneously, and engage in millions of small transactions per trading day. Under the regulatory schemes of most countries such liquidity providers are treated as normal market participants, and hence are not subject to regulations or exchange rules that often govern market making activities. Many institutional investors believe that due to the lack of regulation automated liquidity providers may simply withdraw from the market during crises, reducing liquidity at critical moments.
The final form of automated trading we address is "predatory trading". In such activities, a financial entity typically places thousands of simultaneous orders into a market while expecting to actually execute only a tiny fraction of the orders. This "place and cancel" process has two purposes. The first is an information gathering process. By observing which orders execute, the access to newswires at their desks. As markets react rapidly to news, effective models which incorporate news data are highly sought after. This is not only for trading and fund management, but also for risk control. Major news events can have a significant impact on the market environment and investor sentiment, resulting in rapid changes to the risk structure and risk characteristics of traded assets. Though the relevance of news is widely acknowledged, how to incorporate this effectively, in quantitative models and more generally within the investment decision-making process, is a very open question. In considering how news impacts markets, Barber and Odean note ''significant news will often affect investors' beliefs and portfolio goals heterogeneously, resulting in more investors trading than is usual'' (high trading volume). It is well known that volume increases on days with information releases (Bamber, Barron and Stober, 1997). It is natural to expect that the application of these news data will lead to improved analysis (such as predictions of returns and volatility). However, extracting this information in a form that can be applied to the investment decision-making process is extremely challenging. News has always been a key source of investment information. The volumes and sources of news are growing rapidly. In increasingly competitive markets investors and traders need to select and analyse the relevant news, from the vast amounts available to them, in order to make ''good'' and timely decisions. A human's (or even a group of humans') ability to process this news is limited. As computational capacity grows, technologies are emerging which allow us to extract, aggregate and categorize large volumes of news effectively.
Such technology might be applied for quantitative model construction for both high-frequency trading and low-frequency fund rebalancing. Automated news analysis can form a key component driving algorithmic trading desks' strategies and execution, and the traders who use this technology can shorten the time it takes them to react to 'breaking news stories' (that is, reduce latency times).
News Analytics (NA) technology can also be used to aid traditional non-quantitative fund managers in monitoring the market sentiment for particular stocks, companies, brands and sectors. These technologies are deployed to automate filtering, monitoring and aggregation of news, in addition to helping free managers from the minutiae of repetitive analysis, such that they are able to better target their reading and research. NA technologies also reduce the burden of routine monitoring for fundamental managers. The basic idea behind these NA technologies is to automate human thinking and reasoning. Traders, speculators and private investors anticipate the direction of asset returns as well as the size and the level of uncertainty (volatility) before making an investment decision. They carefully read recent economic and financial news to gain a picture of the current situation. Using their knowledge of how markets behaved in the past under different situations, people will implicitly match the current situation with those situations in the past most similar to the current one. News analytics seeks to introduce technology to automate or semi-automate this approach. By automating the judgement process, the human decision maker can act on a larger, hence more diversified, collection of assets. These decisions are also taken more promptly (reducing latency).
Automation or semi-automation of the human judgement process widens the limits of the investment process. Leinweber (2009) refers to this process as intelligence amplification (IA).
As shown in Figure 5 .1 news data are an additional source of information that can be harnessed to enhance (traditional) investment analysis. Yet it is important to recognize that NA in finance is a multi-disciplinary field which draws on financial economics, financial engineering, behavioural finance and artificial intelligence (in particular, natural language processing). 
News data sources
In this section we consider the different sources of news and information flows which can be applied for updating (quantitative) investor beliefs and knowledge. Leinweber (2009) distinguishes the following broad classifications of news (informational flows).
News
This refers to mainstream media and comprises the news stories produced by reputable sources. These are broadcast via newspapers, radio and television. They are also delivered to traders' desks on newswire services. Online versions of newspapers are also progressively growing in volume and number. 
Pre-news

Pre-analysis of news data: creating meta data
Collecting, cleaning and analysing news data is challenging. Major news providers collect and translate headlines and text from a wide range of worldwide sources. For example, the Factiva database provided by Dow Jones holds data from 400 sources ranging from electronic newswires, newspapers and magazines.
We note there are differences in the volume of news data available for different companies.
Larger companies (with more liquid stock) tend to have higher news coverage/news flow. Classification of news items is important. Major newswire providers tag incoming news stories.
A reporter entering a story on to the news systems will often manually tag it with relevant codes. Further, machine-learning algorithms may also be applied to identify relevant tags for a story. These tags turn the unstructured stories into a basic machine readable form. The tags are often stored in XML format. They reveal the story's topic areas and other important metadata.
For example, they may include information about which company a story is about. Tagged stories held by major newswire providers are also accurately time-stamped. The SEC is pushing to have companies file their reports using XBRL (eXtensible Business Reporting Language). Rich Site Summary (RSS) feeds (an XML format for web content) allow customized, automated analysis of news events from multiple online sources. Tagged news stories provide us with hundreds of different types of events, so that we can effectively use these stories. We need to distinguish what types of news are relevant for a given model (application). Further, the market may react differently to different types of news. For example, Moniz, Brar, and Davis (2009) find the market seems to react more strongly to corporate earnings-related news than corporate strategic news. They postulate that it is harder to quantify and incorporate strategic news into valuation models, hence it is harder for the market to react appropriately to such news.
Machine-readable XML news feeds can turn news events into exploitable trading signals since they can be used relatively easily to back-test and execute event study-based strategies (see News event algorithmic trading is reported to be gaining acceptance in industry (Schmerken, 2006 ).
To apply news effectively in asset management and trading decisions we need to be able to identify news which is both relevant and current. This is particularly true for intraday applications, where algorithms need to respond quickly to accurate information. We need to be able to identify an ''information event''; that is, we need to be able to distinguish those stories which are reporting on old news (previously reported stories) from genuinely ''new'' news. As 
ENS-EVENT NOVELTY SCORE:
A score between 0 and 100 that represents how ''new'' or novel a news story is within a 24-hour time window. The first story reporting a categorized event about one or more companies is considered to be the most novel and receives a score of 100.
Subsequent stories within the 24-hour time window about the same event for the same companies receive lower scores.
News Analytics and market sentiment : Impact on Liquidity
News influences and formulates sentiment; sentiments move markets. 
News enhanced predictive analysis models
The Hand Book compiled by one of the authors Mitra (2011) reports studies which cover stock returns and volatility in response to news; however, none of these studies are either in the context of high frequency or consider the impact on liquidity. We therefore turn to the study by there are no designated market makers in an electronic market, the underlying mechanism is similar to that of a non-electronic market: Liquidity suppliers reduce their order aggressiveness in order to avoid being picked off (that is, selected adversely) by better informed traders. For earnings announcements, such effects are also reported by Krinsky and Lee (1996) . Overall, the authors find that the dynamic analysis strongly confirms the unconditional effects discussed above, and that volatility and trading volume are most sensitive to news arrival.
We generalise this approach and propose a modeling framework which closely follows the paradigm of event studies and is shown in Figure 6 .1 ( ii ) News data suitably pre-analysed and turned into meta data ( time stamp, company-ID, relevance, novelty, sentiment score , event category...)
The output is designed to determine state of the stock/market (returns, volatility, liquidity).
News analytics and its application to trading
The automated sentiment scores (computed by using natural language processing, text mining and AI classifiers see section 5) are finding applications in investment decisions and trading. 
News analytics applied to automated trading
The topic of automated algorithmic trading is treated as a 'black art' by its practitioners, that is, hedge funds and proprietary trading desks. As we stated in the introduction, section 1, even the content vendors are unwilling to reveal information about organizations which utilize NA in algorithmic trading. Given a trade order the execution by a strategy such as volume weighted average price (VWAP) is designed to minimize the market impact (see Kissell and Glantz, 2003 ).
Almgren and Chriss (2000) in a landmark paper discuss the concept and the model for optimal execution strategies. In these models for execution the implicit assumption is that for a stock there is no price spike which often follows some anticipated news (announcements) or an unexpected news event. Aldridge (2010) in her book introduces the following categories of automated arbitrage trading strategies, namely, event arbitrage, statistical arbitrage including liquidity arbitrage. Of these the first: event arbitrage is based on the response of the market to an information event, that is, a macro-economic announcement or a strategic news release.
Event arbitrage strategies follow a three-stage development process:
(i) identification of the dates and times of past events in historical data
(ii) computation of historical price changes at desired frequencies pertaining to securities of interest and the events identified in step-1 above In the pre-trade analysis the predictive analysis tool brings together and consolidates market data feed and the news data feed. The output of the model goes into automated algorithm trading tools; these are normally low latency automatic trading algorithms (algos). Finally the outputs of these algorithms take the form of automatic execution orders. Whereas pre-trade analysis and the algos constitute ex-ante automatic decision tool, the results are evaluated using a paradigm of ex-post analysis. We finally note that Brown (2011) suggest use of news analytics to 'circuit breakers and wolf detection' in automated trading strategies thereby enhancing the robustness and reliability of such systems.
Discussions
As the saying goes the genie is out of the bottle and cannot be put back. Automated trading is here to stay and increasingly dominate the financial markets; this can be seen from the trends illustrated in Figure 2 .2. In this report we have first examined the asset classes which are suitable for automated trading and conclude these to be primarily Equity including ETFs and index futures, FX, and to a lesser extent commodities and fixed income instruments. We have then considered in a summary form market microstructure and liquidity and their role in price formation. We have examined the role of different market participants in trading and types of 
